In the pharmaceutical industry, attention needs to be focused on process analytical technology (PAT) [1, 2] , which is recommended by regulatory agencies such as the Food and Drug Administration and the European Medicines Agency. This concept requires a synergy of advanced non-destructive imaging techniques and multivariate exploratory analysis. This approach could be an alternative to generally complex and time-consuming classic analytical methods. The purpose of exploratory data analysis is to maximize the value of analytical measurements and extract important pharmaceutical information, for example about impurity profiles and thus the quality of drug products, which means safe and effective pharmacotherapy. Analytic techniques in conjunction with multivariate analysis are an indispensable tool in identifying patterns, relations and trends hidden in multivariate data sets.
Impurity profile analysis of drug products containing acetylsalicylic acid: a chemometric approach with consistent quality and reduce wastes during manufacturing processes of pharmaceutical dosage forms. The aim of this study was to evaluate the usefulness of selected chemometric techniques in impurity profile analysis. To this end, descriptive and predictive models were constructed. Descriptive models describe the structure of the chromatographic data set and highlight chemometric similarities and dissimilarities among impurity profiles of pharmaceutical products. The work also aimed to determine quantitative relationships among chromatographic and spectroscopic parameters of the drug products investigated, which contain acetylsalicylic acid, currently one of the most widely used non-steroidal anti-inflammatory drug substances.
In general, IR spectroscopy is not the optimal technique for quantitative analysis. However, in this work, a combination of IR spectroscopy with multivariate analysis is considered as an alternative to HPLC for determining the level of drug impurities that are of interest to the pharmaceutical industry. This approach could make IR spectroscopy (as a fast and relatively inexpensive technique) a suitable screening tool for rapid monitoring of drug product quality.
Experimental procedure

Materials and instrumentation
Seven drug products (from five different pharmaceutical companies) containing acetylsalicylic acid as the active pharmaceutical ingredient and commercially available in Poland were analysed. The formulations studied are given in Table 1 .
High performance liquid chromatography with a diode array detector (Shimadzu) was used to obtain impurity profiles of the drug products investigated. Chromatographic separation was performed in reversedphase mode on an octadecylsilane Gemini column (150 × 4.6 mm I.D., particle size 3 μm, Phenomenex). The impurities were separated by isocratic elution using 0.2% H 3 PO 4 (v/v) and acetonitrile in a volume ratio of 60:40, respectively. Elution was carried out at room temperature with a flow rate of 0.8 mL min -1 and detection at 225 nm.
The drug sample (quantity corresponding to 100 mg of acetylsalicylic acid content) was extracted with acetonitrile. The resulting extract was filtered through a 0.2 μm nylon membrane and was then diluted with a mixture of 0.2% H 3 PO 4 and acetonitrile (60:40, v/v) prior to injection into a C18 HPLC column. The injection volume was 20 μL. Each drug sample was prepared for chromatographic analysis in triplicate and each sample solution was injected into the column twice.
Infrared absorption spectra in a range from 400 to 4000 cm -1 (with a resolution of 2 cm -1 ) were collected using a FT-IR spectrophotometer (8400S, Shimadzu). Powdered drug product was tritrated with dry potassium bromide (IR grade) to a ratio of 1:100 in an agate mortar. The homogenous mixture weighing 100 mg was subjected to pressure in a hydraulic press to obtain a sample disk. The transmittance measurement technique was used. Each recorded spectrum was the average of 30 scans. Acetylsalicylic acid was extracted from a tablet with acetonitrile. This procedure was repeated three times. Unfortunately, detailed qualitative and quantitative composition of excipients used by manufacturers is unknown. Despite this, we prove that no acetylsalicylic acid remains in the tablet matrices after the extraction. The spectrophotometric method was used to monitor the extraction process. The UV-Vis spectrum of the solution was recorded. The lack of signals corresponding to acetylsalicylic acid and impurities in the solution after the third extraction indicated that there was no active pharmaceutical ingredient in the tablet matrix after the extraction process. Thus, the obtained matrix contained only the excipients without acetylsalicylic acid or impurities. The obtained matrix was used as a background in infrared spectroscopic analysis. The background spectrum was subtracted from the sample spectrum. By these means the influence of the excipients on the image of a registered sample spectrum was eliminated.
Chemometric data exploration
The collected data were subjected to chemometric analysis. The chromatographic data contained the areas of 5 major peaks of drug impurities present in the formulations investigated. The chromatographic impurity profile of a representative acetylsalicylic acid sample is shown in Fig. 1 . The spectroscopic data set consisted of the absorption values of infrared radiation in the wavenumber range of 400-3750 cm -1 . Examples of IR spectra of different acetylsalicylic acid formulations are depicted in Fig. 2. 
Descriptive models
Cluster analysis, k-means clustering and principal component analysis were undertaken as exploratory data analysis tools that aimed to discover structures in data. Chemometric analysis of similarities and dissimilarities between impurity profiles of drug products was conducted using hierarchical and non-hierarchical segmentation algorithms. The agglomerative hierarchical clustering according to Ward's method was used. The clusters obtained were thus characterized by a minimal internal variation. In general, Ward's method is regarded as very efficient [12] . Squared Euclidean distance was chosen as the similarity measure. Cluster analysis, also called data segmentation, is a method for grouping objects of similar kind into subsets [12, 13] . The results of agglomerative hierarchical clustering can be easily shown in a dendrogram, which is a graphical description of the meaningful patterns in data.
As a clustering technique, the k-means method was also undertaken. This is a non-hierarchical segmentation algorithm that produces exactly k different clusters of greatest possible distinction [12, 13] . In order to determine the right number of clusters in the data, a v-fold cross-validation algorithm was applied. Thus, the optimal number of clusters was determined iteratively. The squared Euclidean distance measure was used. Initial cluster centres were formed by a random choice of N observations. Principal component analysis (PCA) was undertaken to reduce the number of variables without significant loss of information and to detect structure in the relationships among the impurity profiles of drug products. In this procedure the compression of variables is achieved by determining principal components, which are linear combinations of the correlated original variables and are mutually orthogonal [12] . In this manner, multivariate data can be projected into a lower-dimensional space and therefore possible clustering tendencies can be observed. The correlation matrix was used in the principal component analysis. Prior to chemometric analysis, input data were standardized by subtracting a sample mean from each variable value and dividing it by the standard deviation. This transformation procedure gave variables the same importance in the chemometric analysis. It also made the results of exploratory techniques independent of the ranges of values.
A more detailed description of chemometric algorithms used in this work can be found in references [12, 13] .
Predictive models
The regression tree algorithm [12, 13] was used in the construction of a model for prediction of the level of drug impurities (expressed as the peak area per 100 mg of acetylsalicylic acid) based on the absorption spectrum in the infrared range. The level of salicylic acid (SA), which is the major impurity in acetylsalicylic acid formulations, and the total level of four other drug impurities (marked with symbols: B, C, D, E) are predicted by regression trees models in this study.
In this nonparametric regression procedure, no assumptions about the underlying functional relationship between the dependent and predictor variables are made. The essential part is to select the splits of the predictor variables that are used to predict values of the continuous dependent variable. The data space is divided into mutually exclusive regions, containing homogeneous subsets of samples according to a target variable. As a result, a simple and useful binary decision tree is constructed. It can be interpreted as series of logical if-then conditions [12] .
Before constructing descriptive and predictive models, outlying samples were detected and removed from the data set. Furthermore, in initial exploratory operations, the most significant variables were identified and selected for modelling. Preliminary analysis of data allowed us to select the predictors that have the greatest impact on the value of the dependent variable, whereas variables with the lowest predictive value were not included in the regression model construction.
In order to build a reliable calibration model and to test its predictive ability, the data set was randomly divided into two subsets: a learning subset and a testing subset. 25% of all cases were in the testing subset, whereas the learning subset contained 75% of all cases. Simple random sampling was used to divide the data set into two subsets for analysis. Thus, all samples had an equal chance of being selected. The training set was used to create the model, whereas the testing set was used to assess the predictability of the model.
Calculations were performed with the use of the STATISTICA 9.0 software (StatSoft, Tulsa, Oklahoma, USA).
Results and discussion
Descriptive models
The hierarchical (cluster analysis) and non-hierarchical segmentation algorithms (k-means method) and principal component analysis were applied for the data set obtained by means of high performance liquid chromatography. This data set contained 40 cases and 5 variables (peak areas of drug impurities). All variables were of the quantitative type. The algorithms mentioned above were applied in search of consistent patterns or systematic relationships between impurity profiles of the drug products investigated.
The resulting clusters for chromatographic data obtained by hierarchical and non-hierarchical segmentation algorithms are depicted in Figs. 3 and 4, respectively. It can be noticed that application of these two clustering techniques leads to the same pattern of clusters that are formed by drug products with similar impurity profiles. As a result of the v-fold crossvalidation procedure, three clusters were defined in the data set. So, these segments were not separated arbitrarily or intuitively. The k-means clustering algorithm found the optimal number of clusters as well as the members of each cluster. As the result of a k-means clustering analysis, the means for each cluster on each dimension (variable) were examined (Fig. 4) . In Fig. 4 , significant differences in the level of all drug impurities can be observed between three distinct clusters. Thus, the presence of clusters is determined by different quantitative composition of drug impurities in the pharmaceutical formulations investigated. Drug products classified in the same cluster are most likely characterized by similar impurity profiles. Furthermore, Fig. 4 is a description of each cluster. Two of them consist of three pharmaceutical formulations and the third one contains only one formulation. The first cluster (Encopirin) is characterized by the highest content of all impurities, whereas the second group (Aspirin, Acesan, Acard) indicates the lowest content of salicylic acid and the impurity marked with the symbol B. It can be observed that drug products belonging to the third cluster (Polocard, Aspirin Protect, Polopiryna S) show the lowest content of impurities marked with the symbols C and D. These drug products are characterized by the lower content of salicylic acid and impurities B and E than Encopirin (I cluster) but they also indicate a higher content of these impurities (SA, B, E) than drug products belonging to the second cluster.
It is generally accepted that the qualitative and quantitative composition of drug impurities is related to synthesis pathway, reaction conditions and several other factors such as the purity of the starting materials, method of isolation, and storage conditions [14] . Some impurities are specific to only one synthesis pathway or certain conditions of the formulation process used by the pharmaceutical company. Drug products classified in the same cluster are most likely characterized by similar impurity profiles.
Principal component analysis (PCA) was also performed to gain an overview of the similarities and dissimilarities among impurity profiles of investigated drug products. The results of PCA for the chromatographic data set are shown in Fig. 5 . Comparing Figs. 3, 4 and 5, it can be noticed that similar shapes occur in chromatographic profiles of pharmaceutical formulations in spite of using various algorithms. The number of significant components was determined and in this way the model complexity was reduced to only two factors. The advantage of that twofactor solution is undoubtedly a transparent visualization of mutual relations among investigated drug products in terms of impurities. Two principal components, explaining 84.84% of the total data variance, have been chosen on the basis of their eigenvalues (>1), according to the Kaiser criterion. As seen in Fig. 6 , the first principal component (PC1) is related to salicylic acid and impurities marked with the symbols B, C, D, and E with high negative loadings of 0.928, 0.850, 0.743, 0.707 and 0.746, respectively. So, PC1 is significantly correlated with these variables and therefore describes all impurities well.
Descriptive models provide an easy way to describe the variability of drug products in terms of impurity profiles. Due to the transparent graphical data visualization, some relations among the impurity profiles can be easily identified. Furthermore, it can be noticed that the models obtained by using various algorithms showed similar descriptive abilities.
Predictive models
The objective of this study was not only to perform exploratory data analysis, but also to investigate whether drug impurity contents could be predicted by a regression tree model based on FT-IR spectra. Two tree models were built to predict the relative content (expressed as the peak area per 100 mg of acetylsalicylic acid) of salicylic acid and the sum of four other impurities (denoted B, C, D, E) from IR spectra. Due to the fact that spectra included regions that had no impact on the predicted level of drug impurities, the number of variables was reduced without loss of relevant information. The variables most highly associated with the predicted parameter were included in further model construction. By eliminating uninformative variables, it was possible to avoid an unnecessarily large model. Furthermore, the cross-validation was also applied to assess the optimal model complexity and decrease the risk of overfitting.
The regression tree algorithm is used for modelling quantitative relationships between the infrared absorption spectra and the content of drug impurities in acetylsalicylic acid formulations. The results can be easily presented in the form of a tree graph. The interpretation of this tree is rather straightforward. A set of if-then logical conditions (tree nodes) that permit accurate prediction of a relative drug impurity content is determined. As can be seen in Fig. 7 , if the absorption at 910 cm -1 is less than or equal to 0.244, the peak area of salicylic acid on the HPLC chromatogram would be 349656 (mAU × min); if the signal in a spectrum is larger than 0.244 at 910 cm -1 and less than or equal to 0.283 at wavenumber 1170 cm -1 , then the level of salicylic acid in the sample would be lower. The analysis has indicated that the highest salicylic acid content is evident in those samples that show absorption at 910 cm -1 of less than or equal to 0.244, and simultaneously absorption at 450 cm -1 larger than 0.034. The results imply that the absorption at wavenumber 910 cm -1 has a very large impact on the predicted level of salicylic acid. The samples with absorption higher than 0.244 at 910 cm -1 exhibit lower levels of salicylic acid. The absorption at wavenumbers 910, 450, 1170, 980 and 1640 cm -1 are variables with high predictive values. The criterion for evaluation of a model is the accuracy of prediction, which can be verified by comparing experimental values with predicted values of the dependent variable. The derived models for salicylic acid and the sum of four other impurities show relatively high levels of accuracy. For the salicylic acid content, the determination coefficient is 0.9870 for the learning set and 0.9823 for the testing set. For the sum of the four remaining drug impurities, the determination coefficient is 0.9828 for the learning set and 0.9566 for the testing set. The correlations between the calculated and experimental values of the relative salicylic acid content and the sum of four impurities in the training and testing sets are shown in Figs. 8 and 9 . The scatter plot of measured vs. predicted values shows how the relative content of impurities is explained by the tree model. In Fig. 9 it can be noticed that the regression model for the sum of four impurities does not work well in the case of high levels of impurities. For lower levels, the accuracy of the prediction is satisfactory. The reason for this can be the presence of noise (despite data cleaning operations), which reduces the predictability of the model. This paper presents the results of preliminary scientific research. In order to consider the model as final and complete, more cases should be included both in the learning and testing subsets. Too few cases can generate a model with a relatively low predictive ability.
To summarise, the study has indicated that the tree method is applicable on this data set to predict the level of drug impurities present in acetylsalicylic acid formulations with satisfying predictive and descriptive abilities. Significant advantages of the algorithm are its simplicity and good interpretability. The derived regression models should be considered as a promising strategy for fast determination of drug impurities in pharmaceutical process control. These predictive methods based on infrared spectroscopy could be valuable to evaluate the quality of drug products containing acetylsalicylic acid. The chemometric techniques applied here can be convenient tools that are useable for routine screening of formulations and therefore aid in the production of a high quality drug product.
Conclusions
This study demonstrates that multivariate exploratory techniques offer a promising tool in quality control tests in the pharmaceutical industry. The predictive ability of the derived tree models appears to be acceptable, so they should be considered as supporting tools for predicting the content of drug impurities in pharmaceutical formulations containing acetylsalicylic acid as a drug substance. Application of predictive models to predict the content of impurities based on the absorption spectrum would allow for quick verification of final product quality in terms of impurities. Furthermore, descriptive models also provide useful information in the description of the variability of drug products in terms of impurity profiles. By means of clustering algorithms and principal component analysis, similarities and dissimilarities among impurity profiles of pharmaceutical formulations may be identified and visualized relatively easily.
The results indicate that multivariate exploratory techniques are convenient, relatively inexpensive and helpful tools that should be considered as promising methods for modelling quality parameters of drug products. This approach could improve quality control tests in the pharmaceutical industry.
